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Abstract
A quantitative, neuronal model is proposed for the computation of interaural time
difference (ITD) in the auditory system of the barn owl. The model uses a general,
probabilistic approach, and is composed of two stages, the characteristics of which
are based on anatomical and physiological evidence. Excitatory inputs from both ears,
phase-locked to the waveform of tonal stimuli, together with phase-independent in-
hibitory inputs are summated linearly. The result is transformed into a probability of
spike generation by a sigmoid nonlinearity, constituting a stochastic, ’soft’ threshold
with saturation. The model incorporates inhibition as a control parameter on the non-
linearity, and includes the usual crosscorrelation-type models as a special case. It has
a minimum number of parameters, the values of which can be estimated from phys-
iological data in a straightforward manner. This simple, general model accounts for
the binaural response properties of physiologically recorded neurons. In particular, it
explains the experimentally observed ITD-tuning and the increase of phase-locking from
input to output neurons. The model predicts that a decrease in inhibition causes a
non-monotonic change in sensitivity to ITD.
Keywords: sound localization/neuronal model/coincidence detection/synchrony of firing/role
of inhibition
Abbreviations: ITD, interaural time difference; IPD, interaural phase difference; NM, nucleus
magnocellularis; NL, nucleus laminaris; PH, period histogram.
1 Introduction
Unlike the visual system, the auditory system does not comprise a map of external space on
its sensory epithelium. Instead, the location of a sound source is computed in the central
nervous system. One of the primary cues for determining the azimuth of a sound source is
the interaural time difference (ITD). As early as 1948, Jeffress (1) proposed an influential
model of ITD-detection, composed of two main elements: delay lines followed by coincidence
detection. Evidence - partly anatomical, partly physiological - for these elements was obtained
in a third-order nucleus, the medial superior olive in mammals (2-4), and the nucleus laminaris
in birds (5-8).
Most attempts to model coincidence detection took the form of a crosscorrelation: some
kind of multiplication, followed by temporal integration (3, 9, 10; for a review see 11). In
contrast to this, we adopted a more general, probabilistic approach. A regular neuron model
(e.g. 12, 13) formed the basis of a quantitative model of binaural interaction that incorporates
anatomical and physiological data from the barn owl’s auditory brainstem nuclei (7, 8).
2
2 Physiology and Anatomy of the Owl’s Auditory Brainstem
Figure 1: Connections from nucleus magnocellularis (NM) to nucleus laminaris (NL). The drawing shows
a frontal view with two NM somata and axons stained intracellularly with HRP. The NL is very large and
contains regularly distributed neurons with short, stubby dendrites (14). Somata of NL neurons, stained with
an antibody against calretinin, are indicated by dots. Each NM neuron projects bilaterally to the NL. After
leaving NM, each axon divides into two primary branches. The ipsilateral branch travels along the dorsal edge
of the ipsilateral NL until it reaches its isofrequency lamina, and fans out into several secondary collaterals, each
of them dividing further and running from dorsal to ventral through the nucleus. The contralateral primary
branch crosses the midline to reach the ventral border of the contralateral NL, where it also divides into
secondary collaterals that enter the NL and run from ventral to dorsal through the nucleus. Thus, ispilateral
and contralateral axon arbors interdigitate within NL.
In the auditory system of the barn owl, ITD is analyzed in a separate, hierarchically orga-
nized network, the ’time pathway’. The anatomical and physiological features of the first two
stations of this pathway, the cochlear nucleus magnocellularis (NM) and the nucleus laminaris
(NL), the first locus of binaural interaction, make them particularly suited for the computation
of ITD (Fig. 1).
Neurons show a high spontaneous activity (100 spikes/s), and a purely monaural and
largely level-independent response to acoustic stimuli. For frequencies up to 9 kHz, the re-
sponse to tones depends on the stimulus phase (’phase-locking’), as can be demonstrated by
presenting the spike counts as a function of time, with the time base equal to the period of
the stimulus tone: the ’period histogram’ (PH, Fig. 2). A quantitative measure for the degree
of phase-locking is the ’vector strength’ (2). NM neurons project bilaterally to the NL, with
axon collaterals of many NM neurons running in parallel through an isofrequency lamina, and
ipsilateral and contralateral axon arbors interdigitating (Fig. 1). Thus, when a micro-electrode
is advanced along the axon collaterals, the preferred phase of the PHs increases in the ipsi-
lateral axons and decreases in the contralateral axons. Hence, NM axons in the NL can be
thought of as delay lines (7, 8), constituting the first element in the Jeffress model. Finally,
recordings of a local field potential, the ’neurophonics’, exhibit phase-locking properties and
a change of preferred phase with electrode depth that are comparable to the equivalent re-
sponses of single axons (6,7), indicating that NM afferents respond in strong synchrony. NL
neurons are contacted on their short, stubby dendrites by about 100 terminals from each NM
(8). In addition, each NL neuron receives about 50 GABA-ergic terminals of unknown origin
(14). NL neurons respond to monaural and binaural stimuli; the monaural response is about
half the binaural response at the preferred ITD, and generally larger than the response to an
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unfavorable ITD. NL neurons phase-lock better to monaural stimuli than their NM inputs do
(8). The binaural response varies with ITD in a cyclic fashion, described by the ’ITD-curve’
(Fig. 4a). Its period equals the period of the stimulating tone. The peaks of the ITD-curve
occur at the neuron’s preferred interaural phase difference (IPD; 15). These characteristics
suggest, that the neurons compute ITD from IPD. The peaks of the left and right monaural
PHs occur at different times within the stimulus cycle, the time difference being equal to the
neuron’s preferred ITD. Hence, it was proposed that NL neurons act as coincidence detectors,
the second element in the Jeffress model (6-8).
3 A Quantitative Model of Binaural Interaction
The aim of our model is to describe the stochastic transformation taking place between the
phase-dependent probabilities of firing of the NM and the NL neurons, as statistically ex-
pressed in their PHs. The anatomical and physiological findings described above constitute
the biological basis of this model; their quantitative characteristics are incorporated in the nu-
merical calculations. Both in view of the nature of the underlying mechanism, and for reasons
of mathematical convenience, our model is formulated in terms of phase, rather than time.
Hence, our model calculations will refer to IPD, instead of ITD; for any particular frequency,
however, the transformation of one to the other is trivial (Fig. 4a).
Following the literature on neural modelling (e.g. 12, 13), we assume that computations
in NL neurons take place in two stages: (1) linear integration in the somato-dendritic com-
partment, taking the form of a simple summation of excitatory NM inputs from both sides
and inhibitory inputs of unknown origin, and (2) subsequent nonlinear transformation of the
resulting ’generator potential’ into the probability of spike generation at the output.
Consider first the various contributions to the input of the NL neuron. The strong synchrony
of firing among NM axons from each side, together with the very short dendrites of NL cells,
argue for the assumption that the contribution to a particular NL neuron of the many excitatory
NM inputs from each side can be represented by the PH of a single representative NM neuron.
This assumption, which equates the average over a homogeneous ensemble of neurons with
the average over a homogeneous ensemble of trials involving any one of these neurons, is
usually referred to as ’quasi-ergodic’, following the physical literature. Thus, at the first stage
of the model, summation of both NM PHs Xi(φ) (i = 1, 2: left and right), and the inhibition
X3(φ) results in the ’generator potential’:
Y (φ) = X1(φ) +X2(φ) −X3(φ) (1)
In our numerical calculations, we approximated each of the two NM PHs (i = 1, 2) by a
sinusoidal modulation around a baseline (Fig. 2, left):
Xi(φ) = ai + bi · cos(φ+ ψi) (2)
Thus, the firing probability of each NM neuron is characterized by three parameters: 1) a,
the mean firing rate or ’base rate’, 2) b, the stimulus-induced modulation amplitude, and 3)
ψi, the preferred phase.
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Figure 2: Schematic diagram of the model NL neuron, with input and output period histograms. The model
neuron is composed of two stages: linear summation of the inputs Xi, followed by a nonlinear transformation
of the ’generator potential’ Y into the probability of firing Z at the output. The excitatory inputs (X1 = ipsi,
X2 = contra) are shown on the left. Bar graphs represent experimental period histograms from NM neurons
with best frequency of about 4400 Hz. On the x-axis is plotted the stimulus phase ψ. The histograms are
divided into 90 phase-bins, corresponding to a binwidth of some 2.5 µsec. The vector strengths of the ipsi
and contra input PHs are v = 0.34 and v = 0.294, respectively. Continuous curves represent the sinusoidal
approximations (Equ. 1; a = 34.8 spikes/phase-bin, b = 21.0 spikes/phase-bin; v = 0.302). The uniform
period histogram (bottom center) depicts the phase-independent inhibitory input X3. On the right are the
monaural (top (ψ = 342.7◦, v = 0.623) and bottom (ψ = 299.2◦, v = 0.589)) and binaural period histogram
(ψ = 353.2◦, v = 0.624) at preferred ITD (= −30µsec) (center) of an NL neuron with best frequency
of also about 4400 Hz. Using the above values for the input parameters, the inhibition θ and the model
parameters α and d were estimated from the experimental monaural NL period histograms. The resulting
values (θ = 119 spikes/phase-bin, α = 0.066 phase-bins/spike, d = 88.5 spikes/phase-bin) were used to
calculate the model NL responses (continuous curves). The simulated binaural PH at best IPD (= −43.5◦;
mean phase ψ = 342.7◦) has a vector strength of v = 0.752. In the simulated monaural PHs v was 0.545.
Observe the good agreement between physiological data and model predictions.
These three parameters can be estimated from the physiological data in a straightforward
manner. The base rate a is simply the mean value of the NM period histogram. For a truly
sinusoidal PH (a > b), the vector strength v can be expressed in a and b as v = b/2a. Hence,
b can be estimated from the mean rate and the vector strength by b = 2a · v. Finally, the
preferred phase of the NM neuron is composed of two contributions, one external and the
other internal: ψi = ϕ0i + ϕi. The external phase shift ϕ0i corresponds to the delay from the
sound source to the ear, and is set by the experimenter. The internal phase shift ϕi reflects
neural delays. Since we assume that the computations of NL neurons are instantaneous, i.e.
not introducing an additional phase-shift, the internal phase shift ϕi of the NM neuron can
be taken identical to the phase of the peak response in the corresponding monaural PH of the
NL neuron.
We stress that the sinusoidal approximation of the firing probability of NM neurons primarily
serves reasons of economy and mathematical convenience. It is in no way essential for the
proposed model of binaural interaction in NL neurons. In fact, our model performs equally
well when operating upon the ’raw’ experimental input PHs in the form of arrays of actual bin
counts.
Nothing being known about the physiological characteristics of the inhibitory inputs nor
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Figure 3: Sigmoid nonlinearity, transforming ’generator potential’ into firing probability. The dotted and
dashed lines indicate how single input values are transformed. The influence of the operating point is illustrated
for three sinusoidal inputs at different mean levels, shown below the x-axis; the resulting outputs are displayed
on the right. Observe how the operating point, set by the inhibition and the mean input rate, determines
the type and amount of distortion, depending on whether it is located in the expansive region (I), in the
quasi-linear region (II) or in the compressive region (III).
of their site of origin, we make the weakest possible assumption: the inhibition is taken to be
phase-independent (i.e. no phase-locking): X3(φ) = θ. By inserting this variable and Equ. 2,
and assuming symmetry of the inputs from both sides (a1 = a2 and b1 = b2), Equ. 1 can be
rearranged to yield the ’generator potential’:
Y (φ) = 2a− θ + 2b · cos(ψdiff) · cos(ψsum) (3)
with ψdiff = (ψ1 − ψ2)/2 = (ϕ01 + ϕ1 − ϕ02 − ϕ2)/2 = IPD/2 + (ϕ1 − ϕ2)/2
and ψsum = φ+ (ψ1 + ψ2)/2 = φ+ (ϕ01 + ϕ1 + ϕ02 + ϕ2)/2
Thus, Y (φ) is again a sinusoidal function of stimulus phase, with the stimulus-independent
mean value 2a − θ. The stimulus-dependent contribution is the product of two terms: one
depends on the stimulus phase (cos(φsum)), the other is a modulating term (2b · cos(ψdiff)),
which only depends on IPD. If the preferred phases from both sides are equal, cos(ψdiff) is 1
and the modulation amplitude reaches a maximum of 2b. If, on the other hand, both inputs
are 180o out of phase, the modulation amplitude equals zero and, hence, only the constant
term remains.
In the second stage of the model, Y (φ) is transformed by an algebraic, sigmoid nonlinearity
to yield the period histogram of the NL neuron:
Z(φ) =
d
1 + exp(−α · Y (φ))
(4)
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The sigmoid function is composed of a form factor, characterized by the slope α, that
describes the probability of spike generation, and a scaling factor d, which transforms firing
probability into spike rate (Fig. 3). Three different operating regimes can be distinguished: an
expansive region (I), a quasi-linear region around the point of inflexion (II), and a compressive
region (III). Thus, the distortion of the period histogram of the NL neuron depends on the
operating point on the nonlinearity, set by the mean value of the ’generator potential’.
4 Parameter Estimation, Test of the Model, and Predictions
In order to evaluate the performance of the model quantitatively, we first had to determine
the input parameters (a, b, ψi, θ) and the model parameters (α, d). Lacking simultaneous
recordings from an NL neuron and its NM input neurons, we selected typical NM period
histograms as input, and calculated the parameters a, b and ψ as described before. Using these
estimates, we calculated the inhibition and the model parameters (α, d) of an NL neuron with
similar best frequency from its monaural period histograms by solving the monaural version
of Equ. 4 at three appropriately chosen phase angles (16, 17). After all parameters were
specified, the binaural response of the NL neuron at the preferred IPD was calculated from
Equ. 4. Thus, the predicted binaural NL response is not obtained from some fitting procedure
to the binaural histogram, but is the result of an analytical expression. Observe that the
histogram waveform, the maximal spike rate, the mean phase and the vector strength of the
model responses are almost identical to their experimental counterparts (Fig. 2). Also in
accordance with the experimental results, the model NL neuron exhibits a reduced firing rate,
an asymmetric distortion of the PH and, hence, a considerably stronger phase-locking than
the NM neuron. The latter phenomenon is a direct result of the shape of the nonlinearity.
Inspection of PHs of NL neurons strongly suggests that the expansive region of the sigmoid
curve (Fig. 3, I) is the normal physiological operating regime (2, 8), weighting responses at
preferred phases more strongly than responses at non-preferred phases.
As shown in Equ. 3, the response of the model NL neuron depends on IPD. This dependence






A plot of the resulting values as a function of IPD (the ’IPD-curve’) is shown in Fig. 4a
(lower curve); its experimental counterpart, the ITD-curve, is also given in Fig. 4a (upper
curve). Clearly the two curves agree very well. Both show definite tuning, with identical
preferred IPD. In each case, the locations of maximal and minimal responses are separated by
180◦, and the monaural responses are about half of the maximum. Finally, the minimum of
each curve coincides with the level of spontaneous activity, with the only difference that the
predicted spontaneous activity is higher than the experimental value.
In addition to explaining established experimental facts, we can also use the model to
suggest new experiments, and to predict hitherto unknown properties of the system. Thus,
by varying different parameters, we arrived at a number of quantitative predictions regarding
the behavior of NL neurons under various physiological manipulations (16, 17). An interesting
example is provided by varying the level of inhibition. The result is a shift of the operating
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Figure 4: (a) Sensitivity to interaural time/phase difference. Upper curve: Experimental ITD-curve of an NL
neuron (from 8). Monaural and binaural period histograms of this neuron were shown in Fig. 2 (right). The
ITD-curve, which is normalized to the maximum response, was measured at a frequency of 4409 Hz, close to
the neuron’s best frequency. Lower curve: Model calculation of the IPD-curve (for any given frequency f , the
IPD can be translated into ITD by the simple equation IPD = ITD ·f ·360◦). The dotted lines denote the level
of spontaneous activity. The mean values of the experimental ipsi- and contralateral monaural responses are
indicated by the solid and open triangles in the upper curve; for the model neuron, both monaural responses
are, of course, equal, and are indicated by the single, solid triangle in the lower curve. Observe that in both
diagrams the monaural response is about 45% of the response at preferred ITD/IPD, and that the shape of
the tuning curves, the preferred phase, the monaural responses, and the relation between spontaneous activity
and minimum of the tuning curve are virtually identical in experiment and theory. (b) Model prediction:
effects of change in inhibition. With decreasing inhibition, the mean firing rate and, hence, the base level
of the IPD-tuning curve increases steadily. Starting at the extreme left of the sigmoid curve, the operating
point gradually moves up the expansive region until it crosses the point of inflexion (Fig. 3). The lower set of
IPD-curves illustrates how the IPD-sensitivity correspondingly increases from zero until it reaches a maximum,
after which it decreases again to vanish completely. If the inhibition decreases even further, the operating
point continues into the compressive regime, resulting in a mirror-symmetric set of IPD-curves, however, at
progressively higher base level (resulting in generally lower IPD-sensitivity, but also with a non-monotonic
behavior) and with a preferred phase difference that has jumped by 180◦.
point on the nonlinearity (Equ. 3) and, hence, a change in the degree of asymmetric distortion
of the output PH (Fig. 3). Thus, we predict that a decrease in inhibition leads to an increase
in the overall firing rate, and, presuming that NL neurons normally operate in the expansive
regime, to a (possibly) non-monotonic change in sensitivity to IPD (Fig. 4b). We note in
passing that a corresponding shift in the mean firing rate of the NM neurons would have the
opposite effect (Equ. 3).
5 Discussion
The proposed model explains in detail the binaural period histograms and ITD-curves of
physiologically recorded NL neurons. It requires a minimum number of parameters, which can
be determined directly from the physiological data. Finally, new physiological experiments
with quantitative, testable predictions of the outcome of such experiments can be proposed
from the model.
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An important role in determining the amount of phase-locking and IPD-tuning of the model
NL neuron is played by the inhibition. As far as the anatomy and physiology are concerned,
however, this is also the least determined parameter in our model. Anatomical studies have
demonstrated the existence of GABA-ergic inputs onto the cell bodies of NL neurons, but
as yet there is no clue regarding their origin (14). Physiological studies have provided no
direct evidence for inhibition in the NL, let alone of possible phase-locking properties (8).
In view of this scant experimental evidence, and although we are aware of the existence of
models that rely on the presence of phase-locked inhibition (e.g. 18, 19), we made the
minimal assumption possible: inhibition without any phase-locking. The excellent agreement
between our theoretical results and the experimental findings supports this view of inhibition
as a phase-independent control parameter. Obviously, however, the introduction of more
elaborate assumptions, such as inhibition with phase-locking, would function equally well,
albeit inevitably at the cost of at least one extra parameter.
A number of alternative models for the computation of ITD has been proposed (10, 18-
21). Many of these models implement a coincidence detector in the form of a crosscorrelation:
inputs from both sides are multiplied. The best evidence for such multiplication comes from
electrophysiological studies in the cat (4, 22) and from psychoacoustics (20). The model pro-
posed here combines the usage of a more biologically oriented, ’soft’ threshold with saturation,
with a formal representation that includes the crosscorrelation-type models as a special case.
Depending on the location of the operating point, the sigmoid nonlinearity has rather different
properties (Fig. 3). Thus, the expansive region, which for various reasons qualifies as the nor-
mal functional regime, encompasses the multiplicative operation of the crosscorrelator models
in a natural way (compare the Taylor expansion). Changing the operating point, however,
would cause the transfer function to become first quasi-linear, and eventually compressive.
Consequently, our model predicts that an experimental shift of the operating point will result
in a change in ITD-tuning (Fig. 4b).
Recently, Colburn et al. (10) proposed a model for the generation of PHs and ITD-curves
of MSO neurons, which uses summation of two excitatory inputs, followed by a threshold
event generator. Their model, following (23), differs from the present one in several respects.
First, it consists of a sequence of two nonlinearities, rather than one: an exponential event
generator for each of the two input channels (representing firing of the auditory nerve fibers),
followed by a coincidence detector, describing binaural interaction in the MSO neuron. The
first nonlinearity, in fact, corresponds to a possible extension of our current model, in which
an additional sigmoid nonlinearity is incorporated at the input level to account for ’clipping’
in PHs of barn owl NM neurons with best frequencies below 3000 Hz (6, 16, 17). Secondly,
the authors point out that their model works without inhibition. However, although inhibition
is indeed not incorporated in the second nonlinearity, it is, in fact, present in much the same
way as in our model (albeit not explicitly), namely in the setting of the operating point on
the input nonlinearities. In this respect, our model is more flexible (and presumably closer
to biology), with inhibition at the level of the NL neuron (or, equivalently, in the MSO)
allowing for direct manipulation of the binaural interaction process itself, rather than of its
inputs. Finally, and most importantly, the Colburn model, in contrast to our system-oriented,
probabilistic approach, presents a mechanism-oriented description, based on the interactions
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of individual EPSPs at the level of the cell membrane.
The next logical next step in our approach would be to model the underlying biophysical
mechanisms, with special emphasis on the constraints imposed by the time constants at various
levels. In this context the interesting question arises, how our system-oriented approach can
be reconciled with a mechanism-oriented approach, such as presented by the Colburn model.
It is our conjecture that an answer to this question can be provided by an appropriate formu-
lation of the rules that govern the statistics of the underlying process (compare the relation
between macro-level thermodynamics and micro-level statistical physics). Theoretical as well
as experimental research into this issue is currently in progress in our laboratory (24, 25).
Meanwhile, it remains striking that a simple, general model of the kind we described, without
having to invoke any owl-specific components, accounts for the non-trivial response properties
of laminaris neurons when presented with the phase-locked inputs of magnocellular neurons.
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